Abstract--A robust methodology for estimating the value of service reliability improvements is presented. Although econometric models for estimating value of service (interruption costs) have been established and widely accepted, analysts often resort to applying relatively crude interruption cost estimation techniques in assessing the economic impacts of transmission and distribution investments. This paper first shows how the use of these techniques can substantially impact the estimated value of service improvements. A simple yet robust methodology that does not rely heavily on simplifying assumptions is presented. When a smart grid investment is proposed, reliability improvement is one of the most frequently cited benefits. Using the best methodology for estimating the value of this benefit is imperative. By providing directions on how to implement this methodology, this paper sends a practical, usable message to the industry.
I. INTRODUCTION
eliability improvement is one of the most frequently cited justifications for investments in smart grid technology. Although reliability undoubtedly improves under most smart grid investments, the value of the reduction in outage frequency and/or duration is difficult to calculate. This difficulty leads many analysts to make simplifying assumptions. In a recent report by Freeman, Sullivan & Co.
(FSC) and Lawrence Berkeley National Laboratory (LBNL), the authors propose a methodology for calculating the value of reliability improvements that does not as heavily rely on simplifying assumptions. This methodology has been proven to provide more reliable estimates, but has not usurped other methodologies because it is more complicated. This paper deals with that complication to guide analysts on how to apply outage cost estimates to a smart grid investment opportunity.
II. ESTIMATING OUTAGE COSTS
Starting in the mid-1980s, utilities in the US conducted a number of customer outage cost studies using slightly different survey methods and procedures. Survey-based methods have become the most widely used approach and are generally preferred over other measurement protocols because they can be used to obtain outage costs for a wide variety of reliability and power quality conditions not observable using other techniques. 1 Commercial customers are asked about the value of lost production, other outage related costs, and outage related savings, after taking into account their ability to make up for any lost production. For residential customers, the vast share of outage impacts are not directly observable economic costs and, as a result, they are typically asked about their willingness to pay to avoid outages with specific characteristics. However, because most US utility companies believed these studies could be used by competitors and opponents in the regulatory arena to gain advantage, few of these studies were released to the public domain.
In 2008, the U.S. Department of Energy (DOE) funded a meta-study of outage costs, making the models to estimate outage costs publicly available and subsequently employed those models to estimate outage costs for U.S. electricity consumers [2] . Twenty-eight studies, conducted by 10 electric utilities between 1989 and 2005 representing residential and commercial and industrial (C&I) customer groups were included in the analysis. The data was used to estimate customer damage functions expressing customer outage costs as a function of duration, time of day, consumption, business type, and other factors. The functions can be used to calculate customized outage costs for specific customers and specific durations, allowing the estimation of outage cost for the average residential and commercial customer in a given area.
The publicly available customer damage functions in this study can be employed to estimate customer outage costs with and without a smart grid investment -i.e., with current 1 Two other outage cost estimation techniques have been employed: scaled macro-economic indicators (i.e., gross domestic product, wages, etc.), and market-based indicators (e.g., incremental value of reliability derived from studies of price-elasticity of demand for service offered under non-firm rates). For a detailed explanation of the different approaches, see the "Outage Cost Estimation Guidebook" [1] .
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Reliability Improvements outage average duration and frequency and with reduced outage duration and frequency. The values in the table have been calculated using the general customer damage functions described. These customer damage functions and the results in Table 1 can be found in the report prepared for DOE by FSC and LBNL [2] . Section IV below explains how to apply these outage cost estimates to a smart grid investment opportunity. These customer damage functions are able to provide estimates of the costs of interruptions of varying duration; occurring at different times of day (morning, afternoon and evening), days of week (weekends or weekdays) and season (summer and winter). They also provide estimates of interruption costs for customers of different size; and in the case of business customers, by business type (i.e., retail, utilities, construction, etc.). It is also possible to estimate costs for planned as opposed to unannounced interruptions and for customers with and without backup generation. Thus by inserting reasonable assumptions about the interruption characteristics and customers into the customer damage functions, it is possible to use them to estimate the cost of a wide range of interruptions for a wide range of customers. Then the costs can be compared with and without a reliability investment to determine the change in value of service.
III. METHODOLOGICAL COMPARISON
There are two key findings from these outage cost estimates that have important implications for the valuation of smart grid investments:
1. Cost per un-served kWh is substantially higher for small C&I customers than medium and large C&I customers. 2. A reduction in outage duration is less valuable than a reduction in outage frequency if the reduction in unserved kWh is equal. Depending on the customer mix in a given area or the types of technologies in consideration, analysts may drastically under-or overestimate the value of a smart grid investment if too many simplifying assumptions are made. The following two examples compare methodologies and consider the implications of these simplifying assumptions.
A. Value of Distribution Automation in California
In a recent report prepared for the California Energy Commission (CEC) [3] , the authors investigate the value of a change in SAIFI that distribution automation investments in California will provide. These investments are projected to provide a 32.7 percent decrease in SAIFI where the average outage duration is 101.9 minutes. The estimated value to the customer is $127.7 million, of which $125.4 million comes from the C&I sector (see Table 2 ). To estimate this change in value of service, the C&I sector was split into commercial and industrial customers and assigned different dollar values per un-served kWh. Industrial customers were assumed to experience a loss of $25 per un-served kWh and $10 for commercial. The study that these values are based on is not reported.
However, as seen above, the more applicable C&I grouping methodology is between small C&I customers and medium and large C&I customers. Therefore, we take the combined C&I un-served kWh and allocate it among this alternative grouping. Based on usage data from a large California utility, we estimate that in California around 90 percent of C&I usage is among medium and large C&I customers and 10 percent among small C&I customers. Using this allocation and an approximate dollar per un-served kWh of a 101.9 minute outage, we estimate that the change in value of service is $239.6 million. This methodology leads to an estimated change in value of service nearly double that of the estimates in the CEC report. 
B. Problems with Un-served kWh Approach
Although we use the un-served kWh approach to compare differences in C&I groupings, this methodology does not deal with the value of a reduction of outage duration and frequency separately. The second key finding from the aforementioned report is that a reduction in outage duration is less valuable than a reduction in outage frequency when the reduction in un-served kWh is equal. Therefore, the return on an investment that reduces outage frequency is greater than that of an investment that reduces outage duration, holding unserved kWh equal.
Consider this example. There are two smart grid investments in consideration. One reduces outage duration by 50 percent, and the other reduces outage frequency by 50 percent. Both reduce un-served kWh by 50 percent, but the value of each investment is quite different. Assume that in the base scenario, the average medium and large C&I customer experiences one 1-hour outage each year. In table 1 above, this 1-hour outage costs the customer $12,487 per year.
The investment that leads to a 50 percent reduction in outage duration will result in a situation where the average medium and large C&I customer still experiences one outage per year, but this outage is now 30 minutes. In Table 1 above, this 30-minute outage costs the customer $9,217 per year. In the end, the investment that reduces outage duration by 50 percent increases value of service by $3,270.
The investment that leads to a 50 reduction in outage frequency will result in a situation where the average outage duration is still 1-hour, but the probability of experiencing an outage is reduced by 50 percent. Therefore, a 1-hour outage still costs the customer $12,487, but since the probability of experiencing an outage in a given year is now 50 percent as opposed to 100 percent, the outage cost to the customer is now $6,244 per year. Although the reduction in un-served kWh is the same for both investments, the one that reduces outage frequency provides nearly double the value.
IV. HOW TO APPLY OUTAGE COST ESTIMATES TO A SMART GRID INVESTMENT OPPORTUNITY
Now that implications of the outage cost estimates in the report [2] have been discussed, this section summarizes the methodology for correctly applying them. The estimates were based on a two-part econometric regression model. In the first part, a Probit model is estimated to determine the probability that a given outage cost is greater than zero. The second part is a generalized linear model (GLM) that estimates outage cost given that it is greater than zero.
The data used for the two-part econometric regression model came from twenty-eight surveys conducted by 10 electric utilities between 1989 and 2005. Each survey was designed to estimate outage costs for residential and small, medium and large C&I customers. Each respondent was asked to estimate the cost of four to eight hypothetical outage scenarios of varying duration, time of year, day of week and time of day. For medium and large C&I customers, an extensive accounting of estimated costs was done. For residential and small C&I customers, respondents provided estimates of how much they would be willing to pay to avoid each outage scenario. The data for these twenty-eight surveys was standardized, adjusted for inflation and combined into the meta-dataset that was used to estimate the two-part model. There is substantial discussion in the methodology section of the report [2] as to why this two-part model is optimal. An extensive methodological discussion of the econometric techniques is beyond the scope of this paper. Table 3 summarizes the regression coefficients and variables for both parts of the model. For each part of the model separately, the variable is multiplied by each coefficient and then totaled. Each of the totals is then transformed accordingly:
• For the Probit model, the sum of the cross products is run through the NORMSDIST() function in Microsoft Excel. This function always returns a value between zero and one, which is what the Probit is designed to do.
• For the GLM model, the sum of the cross products is run through the EXP() function in Microsoft Excel. Since the dependent variable in the GLM model was transformed by the natural log, it is necessary to exponentiate the initial GLM output. After transforming the Probit output with NORMSDIST() and the GLM output with EXP(), the two numbers are multiplied together. In the end, this provides the probability that the outage cost is greater than zero (Probit) multiplied by the level of outage cost given that it is greater than zero (GLM). The result is the expected outage cost. • Constant -The constant is simply added into the sum of the cross products from the other variables and coefficients. In order to calculate the cost per event values in Table 1 above, the average values in Table 4 are used. The expected outage conditions simply reflect the percentage of hours in the day, week and year that each scenario is taking place. Morning is 6 out of 24 hours in the day (25%). Afternoon and evening are 5 out of 24 hours in the day (20.8%). Summer is 4 out of 12 months in the year (33.3%). Weekday is 5 out of 7 days (71.4%). It is assumed that no advanced warning is given. If an outage is more likely to occur at a certain time, these values should be adjusted.
Ideally, analysts should base the expected outage conditions off of actual data. For a summer peaking utility, the summer variable should be a larger percentage to not only reflect the 4 months of summer in the year, but the fact that outages are more likely to occur during the summer. Historical data can be used to determine when outages are likely to occur, and the expected outage conditions can reflect those numbers. This method will provide the most accurate estimates for a given area.
The average customer characteristics should also be based off of actual data in a given area. The average annual MWh for a medium and large C&I customer is relatively straightforward to determine. The percentages for each industry reflect the industry mix in a given area. Finally, at least a rough estimate of the two backup generation and power conditioning variables should be used. Once the outage cost has been calculated under the current CAIDI and the new CAIDI, the change in SAIFI needs to be accounted for also. The change in value of service is the expected annual outage cost under the current CAIDI and SAIFI minus the expected annual outage cost under the new CAIDI and SAIFI. This value must be multiplied by the total number of medium and large C&I customers to estimate the aggregate number. Since this is an annual estimate of the value of service, it needs to be multiplied by the number of years of useful life of the investment. A discount rate for future payments also needs to be taken into account.
Once the change in value of service has been calculated for the medium and large C&I sector, the same must be done for the small C&I sector and the residential sector using the same methodology, but different models from the report [2] . The results will provide the most accurate estimate of the change in value of service that a given smart grid investment provides.
V. CONCLUSION
A recent study has shown that a change in the methodology for estimating the value of reliability improvements is needed. Nonetheless, many analysts continue to use other methodologies that more heavily rely on simplifying assumptions. Problems with these simplifying assumptions commonly arise in two situations:
1. When the C&I categorization is done incorrectly, or; 2. When un-served kWh is measured the same whether it results from outage duration or frequency. This paper has shown that if these two issues are not accounted for, analysts may drastically under-or overestimate the change in value of service that results from a smart grid investment. By then explaining how to use the most current estimates of outage costs, it is hopeful that more analysts will employ this methodology.
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